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The annual frequency of tornadoes during 1950-2018 across the major tornado-impacted states were 
examined and modeled using anthropogenic and large-scale climate covariates in a hierarchical 
Bayesian inference framework. Anthropogenic factors include increases in population density and 
better detection systems since the mid-1990s. Large-scale climate variables include El Niño Southern 
Oscillation (ENSO), Southern Oscillation Index (SOI), North Atlantic Oscillation (NAO), Pacific 
Decadal Oscillation (PDO), Arctic Oscillation (AO), and Atlantic Multi-decadal Oscillation (AMO). 
The model provides a robust way of estimating the response coefficients by considering pooling of 
information across groups of states that belong to Tornado Alley, Dixie Alley, and Other States, thereby 
reducing their uncertainty. The influence of the anthropogenic factors and the large-scale climate 
variables are modeled in a nested framework to unravel secular trend from cyclical variability. 
Population density explains the long-term trend in Dixie Alley. The step-increase induced due to the 
installation of the Doppler Radar systems explains the long-term trend in Tornado Alley. NAO and the 
interplay between NAO and ENSO explained the interannual to multi-decadal variability in Tornado 
Alley. PDO and AMO are also contributing to this multi-time scale variability. SOI and AO explain 
the cyclical variability in Dixie Alley. This improved understanding of the variability and trends in 
tornadoes should be of immense value to public planners, businesses, and insurance-based risk 
management agencies. 
The next phase of the study is focused on the spatial and temporal characteristics of large tornado 
outbreaks (LTOs) which are rated F2(EF2) or greater on Fujita (Enhanced Fujita) scale and has struck 
several counties in one day. A statistical assessment of changes in the LTOs clusters for two 
consecutive 30-year time periods 1950-1980 and 1988-2015 has been performed and the findings show 
a geographical shift of the central impact locations towards Southeast of the United States. The spatial 
shift is also accompanied by a reduction in cluster variance which suggests LTOs has become less 
dispersed between the two period. We investigate changes in tornado inter-arrival rate over time during 
the period of study using an exponential probability model. Results showed that the arrival rate has 
changed from 124 days during 1950-1980 to 164 days during 1977-2007, which means LTOs were 
less frequent in the recent period. The analyses performed in this study support previously reported 
findings in addition to providing complementary information on LTO clustering behavior and return 
period. 
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1 Tornadoes in the United States 
A tornado is a violently rotating column of air that extends from a thunderstorm to the 
surface of the earth. According to the National Oceanic and Atmospheric Administration (NOAA), 
approximately 1,200 tornadoes are reported nationwide in an average year. The most violent 
tornadoes are capable of tremendous destruction with wind speeds of up to 300 mph, which can 
destroy large human-built structures or throw vehicles hundreds of yards. Tornado can have a 
damage path more than 100km long and last for more than an hour. Tornadoes with longer damage 
path mostly happen in the southeastern United States (U.S.) according to a study by Coleman et 
al. (Coleman et al. 2014).  The intensity of a tornado is measured by the Fujita scale which was 
first introduced in 1971 by Fujita and has been adopted by the National Weather Service until 
2007. The scale includes six categories from F0 to F5 based on the observed damage (Mcdonald 
2001). Since February 2007, an improved system (Enhanced Fujita) is used to measure tornado 
magnitude in the United States. The Enhance Fujita scale (EF) has a standardized damage indicator 
table and reflects better examinations of damage surveys considering the wind speed information. 
The EF scale also added more types of structures and vegetation to its evaluation method (NOAA 
storm prediction center). About 75 percent of the tornadoes in the U.S. are F0/EF0 or 
F1/EF1(Mccarthy and Schaefer n.d.). 
The U.S. experiences more tornadoes than any other country in the world. Tornadoes and 
damaging wind associated with thunderstorms has caused loss of life and damage to the property 
in the United States. In 2019, tornadoes resulted in approximately 3.1 billion dollars damage across 
the United States (NCDC 2020). During the ten year period between 2005 and 2014, tornadoes 
resulted in an average annual losses ranging from $500 million to $9.6 billion (Tippett and Cohen 
2016). The most intense impacts of tornadoes are due to tornado outbreaks which happen when a 
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particular weather pattern produces several tornadoes (at least six to ten) in a 24-hour period. 
Tornado outbreaks were accounted for 79% of all tornado fatalities during the period 1972–2010 
and are commonly included in the list of billion-dollar disasters(Fuhrmann et al. 2014; Galway 
1977; Smith and Matthews 2015; Tippett and Cohen 2016). 
2 Research background 
2.1 Studies on (in)consistency in the U.S. tornado data 
There is no doubt any climatological analysis of tornado records relies on the extent to 
which available data reflects the actual occurrence of tornadoes. The National Oceanic and 
Atmospheric Administration’s Storm Prediction Center (SPC) maintains the records of all 
tornadoes in the United States from 1950-present. It is widely believed that the number of actual 
tornado occurrences is greater than the number reported values especially before deployment of 
Weather Surveillance Radar-1988 Doppler (WSR-88D) (Anderson et al. 2007a; Brooks, Doswell, 
and Kay 2003; Cook and Schaefer 2008; Ray, Bieringer, Niu, Whissel, et al. 2003). The main 
sources of error are the undetected tornadoes and the lack of consistency in reporting standards. 
Due to the short-lived and unpredictable nature of tornadoes, they are more likely to be 
documented if people observed them directly or if they leave some visual evidence, i.e. hitting an 
existing structure during their path. Accordingly, tornado detection in less populated areas or in 
regions with poor communication facilities is challenging. Given that most tornado reports rely on 
human observations and damage assessments, the population of a region has a critical influence 
on reporting. Normalizing tornado statistics for population bias has been of interest and several 
studies have investigated the effect of population change on tornado frequency reports. Snider 
(Snider 1977) looked into the tornado frequency in urban and rural Michigan between 1950-1973 
and found a positive correlation between population density and the probability of a tornado being 
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observed and recorded. A study in 1981 (Newark 1981) estimated that it is extremely hard for a 
tornado to go unobserved when population density is above 1.5 people per km2. Evidence suggests 
that F2–F5 tornadoes (where F stands for “Fujita scale”) are more likely to be reported due to their 
greater intensity and longer duration compared to weaker tornadoes F0–F1. This supports the idea 
that reports of larger tornadoes are less affected by population density and the 
inconsistency/disparity in tornado reports is primarily for F0-F1 categories (Anderson et al. 2007b; 
Brooks and Brooks 2004).  
Previous studies also argued that tornado reports prior to 1973 were likely rated more 
severely than they actually were because assigned F-scales were initially based on newspaper 
stories and photographs. After 1974, the National Weather Service made on-site damage 
assessment to assign tornado ratings (Anderson et al. 2007b; Coleman et al. 2014). The impact of 
human error on the spatiotemporal variabilities of tornado reports is more emphasized prior to 
improvements to the weather radar network. Introduction of the Operational Implement of WSR-
88D radars is apparently a key factor that contributed to  more tornadoes reported since 1990 
(McCarthy and Schaefer 2004). Since its introduction, the number of tornado-related deaths and 
personal injuries has decreased by 45 percent and 40 percent, respectively (Tuthill 2013). The 
emergence of cellular phones, local emergency management offices and rapid information spread 
through local media are among other non-meteorological factors that contributed to the more 
tornado reports (McCarthy and Schaefer 2004). Less strong tornadoes still remain undocumented 
in sparsely populated regions or in areas with insufficient communication infrastructure (Jagger, 




2.2 Studies on tornado frequency and trends 
Several studies have shown notable increasing temporal trend in the number of tornado 
occurrences per year, but this was mainly related to increased capability for detection and 
documenting weaker tornadoes ( rated F0 by the Fujita (prior to February 2007) or EF0 Enhanced 
Fujita damage scales (Agee and Childs 2014; Harold E. Brooks, Carbin, and Marsh 2014; Brooks 
et al. 2003; Coleman et al. 2014; Kunkel et al. 2013; Tippett et al. 2015; Verbout et al. 2006a) 
The study by Brooks et al. showed that the mean annual number of tornadoes (E)F1+ has remained 
relatively constant, but due to a decrease in the annual number of days with tornadoes combined 
with more days with many tornadoes, the variability of tornado incidence has risen since the 1970s 
(Harold E. Brooks et al. 2014). A couple of studies show that there is no evident increasing trend 
in the records of tornadoes rated E(F)1 or higher (Harold E. Brooks et al. 2014; Elsner, Elsner, and 
Jagger 2015; Kunkel et al. 2013; Moore 2018; Tippett et al. 2015; Verbout et al. 2006a). 
Gensini and Brook (Gensini and Brooks 2018) also confirms that although the national annual 
frequency of tornado has remained relatively constant, there are significant spatially-varying 
temporal trends in tornado records since 1979.   
Most of the research on tornado trends are primarily based on a mean value of tornadoes or tornado 
days in a specific period to determine the regions with higher risks. For instance, Todd Moore 
(Moore 2018) analyzed the tornado records during 1954 to 2016 and applied a few tornado metrics 
to examine the consistency of trends across the United States. Using statistical measurements 
including Mann–Kendall test and the slopes with the Theil–Sen estimator, the author concludes 
that the number of tornadoes per year has declined in the North Great Plains, South Great Plains, 
West and Midwest regions, but there is an increase in annual frequency in the Southeast of the 
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U.S., which has been the largest contributor to the increase in the mean number of tornadoes per 
tornado day in the contiguous United States. The study also investigated the temporal trends in the 
proportions of tornadoes per season. Seasonal analyses on tornado records suggest that the number 
of tornadoes occurring in the contiguous United States (particularly the Southeast regions) during 
summer is decreasing while those occurring in the fall season is increasing. The results indicates 
that the mean proportions of tornadoes that occur in Jun-July-August in the South Great Plains has 
significantly decreased by 13%, but the mean proportions of tornadoes occurring in September-
October-November in the Southeast has increased by 11 %, although the trend is not significant. 
A couple of studies also showed increased tornado activity in the eastern United States and 
decreased records mostly in the central United States, but analyses were limited to distinctive 
periods (Agee et al. 2016; Farney and Dixon 2015). Agee and Larson(Agee et al. 2016) did a 
statistical assessment of changes in the U.S. tornado activity for two consecutive 30-year time 
periods during 1954-2013. The analysis was based on field significance testing and the 
bootstrapping method. Their findings proved a decreased tornado activity in the traditional 
“Tornado Alley.” 
2.3 Statistical models for tornado variabilities 
Several studies represent statistical models to regionally estimate tornado counts. A recent study 
by Potvin et al. (Potvin et al. 2019) developed a statistical model to correct tornado reporting bias 
using the tornado data in the central United States during 1975–2016. They modeled tornado 
counts considering it follows a Negative Binomial distribution and set the expected reported 
tornado count as a function of tornado reporting rate which was a fourth-degree polynomial 
function of a single geographical covariate (e.g., population density). They tested several 
geographical covariates including population density, terrain ruggedness, road density, tree canopy 
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percentage, and distance to nearest resident city to find which covariates explained the most 
variance in reported tornado counts. The model explained 73% of the variance in reported counts 
at 50 km grid and population density explained more variance compared to other covariates. Their 
findings also revealed that approximately 45% of tornadoes that occurred within the central U.S. 
during 1975–2016 were reported. 
An earlier study in 2007(Anderson et al. 2007a), developed a hierarchical Bayesian model to 
estimate tornado counts per county area using the records during 1953-2001. The model used 
population density to estimate tornado counts which was considered to follow a Poisson 
distribution. The results indicate that some of the spatial variability in tornado reports can be 
explained by population density which has regional variability, but other demographic factors such 
as the construction density or reporting standards also affect tornado reports. 
 Elsner et al. (Elsner, Jagger, and Fricker 2016) also developed a predictive model to estimate 
regional tornado risk in states across the Midwest, Great Plain, and Southeast using the data during 
the period from 1970 to 2015. In the long-term view of risk (independent of climate variation), 
They built the model using population density to control for changes in observational practices 
over time, while in the short-term view, they fit a conditional climatology model to data and  used 
a linear trend term to control for reporting issue. 
2.4 Studies on the impact of climate variables on tornado activity  
Changes in Pacific Ocean surface temperature are generally studied to develop seasonal 
outlooks and estimate the likelihood of US storms and tornadoes. Evidence indicates that El Niño-
Southern Oscillation (ENSO)-a natural climate cycle characterized by periodic oscillation between 
below-normal and above-normal surface temperatures in the tropical Pacific- influences 
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temperature and precipitation in the US and is linked to severe thunderstorms and tornado 
outbreaks in several studies (Allen, Tippett, and Sobel 2015; Cook and Schaefer 2008; Lee et al. 
2013; Marzban and Schaefer 2001; Weaver, Baxter, and Kumar 2012).   ENSO influences spring 
and winter tornado occurrences by modulating the position of the jet stream over North America 
(Allen et al. 2015). La Niña phase (the cold phase) concentrates hot and moist air over the southern 
regions of North America and the temperature gradient that develops between south and north 
favors tornado formation in central states. El Niño episodes (the warm phase), in contrast, reduces 
the chances of tornado occurring in central US due to weakening of surface winds that typically 
carry warm and humid air from the Gulf of Mexico. According to the study by Cook and Schaefer 
(Cook and Schaefer 2008), El Niño episodes usually limit tornado outbreaks to Gulf Coast states 
including central Florida, while La Niña affects a larger zone stretching from southeast Texas 
northward to Illinois, Indiana and Michigan.  The findings of the study by Marzban and Schafer  
(Marzban and Schaefer 2001) also indicate a strong correlation between cool SST in the central 
tropical Pacific (La Niña episode) and tornadic activity in an area stretching from Illinois to the 
Atlantic Coast, and Kentucky to Canada.  
The study by Elsner et al. (Elsner et al. 2016) reported an association between the North 
Atlantic Oscillation (a weather phenomenon based on fluctuations in the difference of atmospheric 
pressure between subtropical and subpolar regions over the North Atlantic) and tornado activity in 
southeast US. The study showed that a positive phase of the NAO (lower than normal pressures 
over Greenland land and higher than normal pressures over the Atlantic) is linked to lower chance 
of tornadoes developing across southeastern states including Arkansas, Missouri, and Kentucky. 
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3 The gap in previous research 
Although numerous studies have investigated the temporal or spatial variability of U.S. tornadoes, 
most of them are limited to a specific geographic region or a selected period in which data are 
more reliable. Several studies also presented statistical models to estimate tornado counts, but the 
models are primarily developed to explain the bias in tornado reporting due to geographical 
characteristics. The majority of the previous works which investigate climate impact are limited 
to ENSO and seasonal tornadoes and the influence of other climate variables (with longer cycles) 
are not discussed enough. Due to the evidence of long-term trend and cyclical variability in tornado 
records, there is a need to understand the effects of potential anthropogenic factors and large-scale 
climate variables separately and explain their contribution in tornado trends. 
The spatial characteristics of tornado has been investigated in several studies(Agee et al. 2016; 
Malamud, Turcotte, and Brooks 2016; Moore and DeBoer 2019a; Moore and McGuire 2019a) and 
presented in details in chapter 3. As a complementary research, the focus of spatial analyses in our 
study will be tornado outbreaks which involve several U.S. counties in a single day. Additionally, 
we will explore the return period of such events and use a regression analysis to identify arrival 
rates. 
4 Research scope 
To investigate the risk posed by tornadoes, it is fundamental to understand the trends and 
variability of tornado occurrences and explore their linkage to the environmental parameters 
including atmospheric and climatic conditions at the local to regional scale. 
The first part of the study is focused on explaining the trends and variability of tornado across the 
major tornado impacted states in the U.S. We present a hierarchical Bayesian regression model 
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that controls for changes in observational practices over time and uses climatological variables 
influencing tornado occurrence as the covariates to explain the long-term trends and cyclical 
variability. The selection of covariates in the model is based on exploratory analysis and 
dependency analysis with several climate indices. We build a model in which population density, 
deployment of radar, and climate indices explains the trends in annual tornado counts and corrects 
for reporting issue simultaneously. The model helps us discuss the relative contribution of the 
anthropogenic and climate factors and identify the primary regions in which each of the covariates 
significantly influence tornado variability.  
In the next part of the study, we investigate the spatial and temporal characteristics of large tornado 
outbreaks (LTOs) across the United States. We explore seasonality, hidden cyclic behavior, and 
distribution of the LTOs during 1950-2018 and illustrate the changes in their spatial manifestation 
using clustering analysis. We also investigate the return period of such events and present the 
changes in the arrival rates using regression analysis. 
The findings of this project will be of relevance to policy makers and various private or 
governmental sectors including insurance managers, emergency planning agencies and National 
Weather Service, department of agriculture, research scientists and any sectors involved in weather 






Chapter 2: Explaining the trends and variability in the United 







The annual frequency of tornadoes during 1950-2018 across the major tornado-impacted states 
were examined and modeled using anthropogenic and large-scale climate covariates in a 
hierarchical Bayesian inference framework. Anthropogenic factors include increases in population 
density and better detection systems since the mid-1990s. Large-scale climate variables include El 
Niño Southern Oscillation (ENSO), Southern Oscillation Index (SOI), North Atlantic Oscillation 
(NAO), Pacific Decadal Oscillation (PDO), Arctic Oscillation (AO), and Atlantic Multi-decadal 
Oscillation (AMO). The model provides a robust way of estimating the response coefficients by 
considering pooling of information across groups of states that belong to Tornado Alley, Dixie 
Alley, and Other States, thereby reducing their uncertainty. The influence of the anthropogenic 
factors and the large-scale climate variables are modeled in a nested framework to unravel secular 
trend from cyclical variability. Population density explains the long-term trend in Dixie Alley. The 
step-increase induced due to the installation of the Doppler Radar systems explains the long-term 
trend in Tornado Alley. NAO and the interplay between NAO and ENSO explained the interannual 
to multi-decadal variability in Tornado Alley. PDO and AMO are also contributing to this multi-
time scale variability. SOI and AO explain the cyclical variability in Dixie Alley. This improved 
understanding of the variability and trends in tornadoes should be of immense value to public 





1. Introduction  
Tornadoes are one of the most devastating, severe weather events in the United States (U.S.) that 
always pose risks to human life and cause extensive property damage. Tornado outbreaks, defined 
as sequences of several tornadoes closely spaced in time, lead to the most number of fatalities and 
rank routinely among severe weather events that cause billion-dollar losses(Tippett, Lepore, and 
Cohen 2016). An average annual loss of $982 million is reported for U.S. tornado events based on 
insurance catastrophe data from 1949-2006, which clearly indicates their destructive 
nature(Changnon 2009). 
The modern logging of the tornado reports in the U.S. has begun in the 1950s, and reports grew 
even more in the mid-1990s, mainly due to the increase in the detection of EF0-EF1 category 
tornadoes (weak tornadoes) after the installation of the NEXRAD Doppler radar system(Agee et 
al. 2016; Anon n.d.; Harold E. Brooks et al. 2014; Brooks et al. 2003; Coleman et al. 2014; Kunkel 
et al. 2013; Tippett et al. 2015; Verbout et al. 2006a). Other factors, such as better documentation, 
more media coverage, rise in the population, and storm chasing also contributed to this increased 
detection rate. Recent studies show that this secular trend (i.e., the long-term trend that is not due 
to seasonality) in the annual frequency of tornadoes has also been varying spatially. See, for 
example, Gensini and Brooks(Gensini and Brooks 2018) who showed that the temporal trends 
since 1979 have a significant spatial variability, and Moore(Moore 2018), who found that the 
number of tornadoes per year increased in the southeast USA and has decreased in the Great Plains 
and the mid-west regions. Studies by Farney and Dixon(Farney and Dixon 2015) and Agee et 
al(Agee et al. 2016) show similar results. 
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Figure 1 presents the confirmation of trends in the annual frequency of tornadoes in 28 major 
tornado-impacted States in the U.S. Statistically significant secular trends (as estimated using the 
Mann Kendall Sen Slope(Mann 1945)) are found in 26 States. Evidently, there also seems to be a 
step-change in many of these States since the 1990s, along with signs of cyclical trends in others 
(for example, Texas, South Dakota, and Florida). The inter-annual variability is also prominent 
and seems to have increased in recent decades. That the inter-annual variability in tornado counts 
relates measurably to El-Nino Southern Oscillation (ENSO), a large-scale climate teleconnection 
feature is not unknown. See, for instance, Cook and Schaefer(Cook and Schaefer 2008), S.-K. Lee 
et al(Lee et al. 2016), Marzban et al(Marzban and Schaefer 2001), and Allen et al(Allen et al. 
2015), among others. A recent investigation of the tornade activity in the southeast U.S. region 
noted an association with the North Atlantic Oscillation (NAO) in addition to ENSO and regional 




Figure 1. Annual number of tornado incidence in the U.S. states during 1950-2018. The blue line 
is locally-weighted polynomial fit(Cleveland 1979) using a smoothing span of 0.5. For each state 
Mann-Kendall trend test is performed and the p-value of the test along with Sen's slope or the rate 
of change is presented. 
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A more in-depth examination that we conducted using robust principal components analysis and 
wavelet transformation to decipher the hidden structures in the time series of the tornados' annual 
frequency across the 28 major tornado-impacted States revealed systematic low-frequency 
oscillations beyond the inter-annual time scale. We show this in Figure . The high-dimensional 
annual tornado frequency data (69 years of counts data for the 28 major tornado-impacted States) 
was first reduced to its dominant modes using robust principal components analysis(Candès et al. 
2011a) (rPCA). The first four dominant modes (principal components or scores) explained up to 
93% of the original data variance with the first mode capturing the secular trend in the data as a 
result of increased tornado detection. The other modes exhibited cyclical variability. Wavelet 
transformation(CHUI 1992; Daubechies 1990; Kumar and Foufoula-Georgiou 1997; Torrence and 
Compo 1998) of these principal components unveiled oscillatory features at the interannual to 
multidecadal time scales with much lower frequency signals in the third and the fourth modes. For 
example, the wavelet analysis of the first three principal components showed significant wavelet 
power (at the 90 percent confidence interval) occurring in period band of 2-5 years, which reveals 
notable variability in the data with a frequency of 2-5 years. This typically corresponds to low-
frequency climate variability. The significant period band of 2-5 years occurred in mid 1960s and 
during 2000-2010 in the first PC, while in the second PC, the periodic activity was significant 
during 1970 to mid-80s, mid 1990s and 2000-2012. The third principal component also reveals 
similar period band which was notable in early 1960s and 2005-2015. The power spectrum plot of 
third PC (Figure 2-g) showed a significant wavelet power at a period band of 5-10 years during 




Figure 2. a, b, e, f represents the time series plots for the scores of the first four principal 
components. The pink line is the locally weighted smoothing line with span of 0.1. Figure c, d, g, 
and h is the wavelet power spectrum of the corresponding score. Higher wavelet power during a 
specific time shows notable frequencies in tornado activity. The areas with solid black line 
represent significant wavelet power at the 90% confidence interval. (Wavelet plots are created in 




These preliminary inquiries and experiments prompted us to devise a comprehensive modeling 
approach to infer the key explanatory factors of the annual frequency of tornadoes across the major 
tornado-impacted States in the U.S. There is evidence of secular trend and cyclical variability, and 
this might vary spatially. Hence, there is a need to understand the effects of possible anthropogenic 
factors and large-scale climate teleconnections separately.  
Anthropogenic factors such as the rise in population and the installation of better detection systems 
may have led to a monotonic increase or a step-change in the frequency of tornadoes. Hence, to 
explain the secular trend, we choose two indicators -- the annual population density data (PD) for 
each State and a binary Doppler Radar Indicator (DRI) with zero from 1950-1990 and switches to 
1 from 1991-2018 -- to factor in the installation of the NEXRAD Doppler radar system in the early 
1990s. Large-scale climate oscillations may control the interannual to multidecadal variability seen 
in the data. Hence, to explain the cyclical trend, we factored in a suite of annual climate indices -- 
El Niño/Southern Oscillation (ENSO) - through the Nino3.4 index, Southern Oscillation Index 
(SOI), North Atlantic Oscillation (NAO), Pacific Decadal Oscillation (PDO), Arctic Oscillation 
(AO) and Atlantic Multi-decadal Oscillation (AMO). We conducted a wavelet coherence 
analysis(Grinsted, Moore, and Jevrejeva 2004; Maraun and Kurths 2004; Veleda, Montagne, and 
Araujo 2012) between the first four principal components and these climate indices for additional 
validation for their selection and presented the results in Figure 3. Evident joint variability is seen 
in the coherence plots indicating that the low-frequency oscillation of climate could drive part of 
the variability in the tornadoes' annual frequency.  As mentioned before, these anthropogenic and 
climate effects can vary in space. Still, there is a possibility of some commonality in the impacts 
over specific regions, such as the Tornado Alley, Dixie Alley, etc.(Coleman et al. 2014; Concannon, 




Figure 3. a-x, wavelet analysis of coherent structures between scores of the first four principal components 
and various climate indices, each column shows one PC. a-d, wavelet coherence spectrum of first four PCs 
and SOI, e-h, wavelet coherence spectrum of first four PCs and NAO,  i-l, wavelet coherence spectrum of 
first four PCs and (ENSO-Nino.34)*NAO, m-p, wavelet coherence spectrum of first four PCs and PDO, 
q-t, wavelet coherence spectrum of first four PCs and AMO, u-x, wavelet coherence spectrum of first four 
PCs and AO. Higher wavelet coherence during a specific time shows notable connection between tornado 
activity and climate index. The areas with solid black line represent significant wavelet coherence at the 
90% confidence interval. The arrows show the direction of lag relationship in the data. (Plots are created in 
R version 3.5.2 using biwavelet package, https://CRAN.R-project.org/package=biwavelet)  
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These conditions inspired us to build nested models using a hierarchical Bayesian inference 
framework, which not only allows for a full uncertainty quantification but also its reduction by 
pooling information across appropriate classifications of States. The hierarchical framework 
provides an elegant means of propagating the parameter uncertainty through appropriate 
conditional distributions. Further, noting that multiple climate and anthropogenic covariates 
influence tornadoes across a region (Tornado Alley, Dixie Alley, etc.) similarly, the hierarchical 
model provides pooling of this common information. This type of pooling reduces the equivalent 
number of independent parameters, resulting in lower uncertainty in parameter estimates. The 
models are explained in detailed in the Methods section. Using this holistic modeling framework, 
for the first time, we explained the factors governing the secular trends and cyclical variability in 
the annual frequency of tornadoes across the major tornado-impacted States in the U.S. The 
relative contribution of the anthropogenic and climate factors and their primary influence regions 
are discussed.  
2. Methods  
2.1. Data 
2.1.1. Tornados 
Historical tornado records were retrieved from the United States (U.S.) Storm Prediction Center 
(SPC). The SPC's tornado data represents the most reliable accounting of tornado occurrence 
available over the U.S(Elsner and Widen 2014; Gensini and Brooks 2018) This dataset is collected 
and compiled from National Weather Service (NWS) Storm Data publications and reviewed by 
the U.S. National Climate Data Center(Elsner et al. 2014; Long, Stoy, and Gerken 2018a; Verbout 
et al. 2006a). The dataset includes information about the date and time, location, path, intensity 
(Fujita or enhanced Fujita (EF) scale), property losses, crop damages, fatalities, and injuries 
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records on all tornado incidents in the US from 1950 till date. The tornado database can be accessed 
online at https://www.spc.noaa.gov/wcm/(Carbin 2014). Since the records of tornado occurrence 
in this dataset is primarily based on eyewitness and reports of storm damages, there might be 
spatial biases in the data due to the varying population density(Ray, Bieringer, Niu, and Whissel 
2003a). In this study, we considered the annual tornado frequency during 1950-2018 of 28 major 
tornado-impacted States located in South, Southeast, Ohio Valley, Upper Midwest, and Northern 
Rockies. Six of these 28 States (Texas, Oklahoma, Kansas, Colorado, Nebraska, South Dakota, 
and Iowa) are previously classified as the States that belong to the significant Tornado 
Alley(Concannon et al. 2000; Edwards 2018).  Another six States (Arkansas, Louisiana, 
Mississippi, Tennessee, Alabama and Georgia) are classified as Dixie Alley States(Coleman et al. 
2014; Gagan et al. 2010). A complete list of the 28 states along with their classification into 
Tornado Alley States, Dixie Alley States, or Other States is presented in Table 1. In Figure 4, we 




Table 1. The list of the major tornado affected states, their classification into Tornado Alley, Dixie 
Alley, and Other States. The Mann-Kendall Sen’s slope and its p-value for the trend test on the 
annual frequency of tornados is also shown.  
 




6.4/decade (< 0.01)  
 Kansas 7.0/decade (< 0.01)  
 Nebraska 3.9/decade (< 0.01)  
 Oklahoma 1.6/decade (0.36)  
 South Dakota 1.7/decade (0.03)  
 Texas 9.1/decade (< 0.01)  
 Alabama 
Dixie Alley 
6.7/decade (< 0.01)  
 Arkansas 3.2/decade (< 0.01)  
 Georgia 2.5/decade (< 0.01)  
 Louisiana 4.3/decade (< 0.01)  
 Mississippi 5.6/decade (< 0.01)  
 Tennessee 3.1/decade (< 0.01)  
 Florida 
Other States 
5.9/decade (< 0.01)  
 Illinois 5.4/decade (< 0.01)  
 Indiana 1.5/decade (0.05)  
 Iowa 5.6/decade (< 0.01)  
 Kentucky 3.8/decade (< 0.01)  
 Michigan 0.5/decade (0.38)  
 Minnesota 5.2/decade (< 0.01)  
 Missouri 3.9/decade (<0.01)  
 Montana 0.8/decade (< 0.01)  
 North Carolina 3.3/decade (< 0.01)  
 North Dakota 3.8/decade (< 0.01)  
 Ohio 1.7/decade (< 0.01)  
 South Carolina 2.2/decade (< 0.01)  
 Virginia 1.6/decade (< 0.01)  
 Wisconsin 1.6/decade (< 0.01)  







Figure 4. The spatial distribution of all tornado occurrences during 1950-2018. Each colored region 
represents one of the nine climatically consistent regions identified by National Centers for 





2.1.2. Population Density 
Population data for these 28 States were obtained from the US Census Bureau, Population 
Division. Population counts are collected from the census, which occurs every ten years. Using 
current data of births, deaths, and migration, the population estimate program (PEP) computes 
population changes from the latest decennial census, and calculates and updates population count 
every year. Every annual issuance of population estimates are utilized to revise the entire time 
series of estimates from July 1, the recent census day of the current year. Full details of the applied 
methods are found online at https://www2.census.gov/programs-surveys/popest/technical-
documentation/methodology/2010-2018/2018-natstcopr-meth.pdf(Anon 2010). Population 
density was computed by dividing the population by the State’s area and expressing the values in 
persons per square miles.  
2.1.3. Large-scale Climate  
We used El Niño/Southern Oscillation (ENSO)-Nino3.4, Southern Oscillation Index (SOI), Arctic 
Oscillation (AO), Atlantic Multi-decadal Oscillation (AMO), Pacific Decadal Oscillation (PDO) 
and North Atlantic Oscillation (NAO) annual indices to quantify the effect of large-scale climate 
on the inter-annual variability of tornadoes. Some of these large-scale climate variables were 
previously found to be significant in explaining the variability in tornadoes(Allen et al. 2015; Cook 
and Schaefer 2008; Elsner et al. 2016; Lee et al. 2016; Marzban and Schaefer 2001). We retrieved 
the monthly time series for these indices from the National Oceanic and Atmospheric 
Administration's (NOAA's) National Centers for Environmental Prediction (NCEP). Annually 
averaged indices are used in the model. 
2.2. Analysis and Modeling 
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2.2.1. Principal Component Analysis and Wavelet Decomposition  
To understand the internal structure in the time series of the annual frequency of tornados across 
these 28 States, we applied a dimension reduction technique followed by a transformation to the 
frequency domain.  
Given that the data exhibited a high correlation, we first applied robust Principal Component 
Analysis (rPCA) on the 69 by 28 original data matrix to identify the dominant modes. rPCA is an 
improved version of the traditional PCA that is better at handling outliers. In this approach, the 
input matrix is decomposed into its low-rank and sparse components by solving a convex 
optimization program(Candès et al. 2011b). Singular value decomposition (SVD) is then applied 
to the low-rank matrix to obtain the uncorrelated principal components (PCs). Hence, rPCA 
primarily performs PCA on the input matrix's low-rank component after removing the joint 
outliers. The importance of each PC is quantified based on the fraction of the variance it represents 
in reference to the original variance in the data.  
Next, we performed a wavelet analysis on the first four PCs (dominant modes) to decipher essential 
cycles inherent to the data. Wavelet transforms permit an orthogonal decomposition of the 
dominant modes in the time and the frequency domain(CHUI 1992; Daubechies 1990; Kumar and 
Foufoula-Georgiou 1997; Torrence and Compo 1998). It uses base functions (from specific 
families of oscillatory functions that attenuate to zero) differing in time and frequency resolutions. 




2.2.2. Hierarchical Bayesian Models  
Given that there are clear secular trends and internal variability structure in the annual frequency 
of tornadoes, we attempted to quantify them using nested models. The first model used two 
anthropogenic covariates -- population density, and a Doppler Radar binary variable to capture the 
secular trend component. The Doppler Radar binary variable was used to model the significant 
jump or step-change in the tornado reporting since the 1990s(McCarthy and Schaefer 2004). The 
second model used these two anthropogenic covariates along with inter-annual to multi-decadal 
climate variability indices (climate covariates) to capture the full spectrum of secular trend and 
internal variability. The difference in the variance explained between the two models reveals the 
additional variance that can be explained by the large-scale climate covariates on top of the 
anthropogenic covariates.  
In both the models, we assumed a negative binomial model to represent the annual frequency of 
the tornadoes in each State.  The negative binomial model is appropriate for counts data and is a 
generalization of the Poisson regression model that accounts for overdispersion. The models are 
structured using a hierarchical Bayesian regression framework that allows the pooling of 
information across selected states.  
The full hierarchical Bayesian model with anthropogenic and climate covariates is presented here. 
The model with just the anthropogenic covariates to infer the secular trend is a subset of this 
model.  
Data level: 
𝑦𝑖𝑡 ~ 𝑁𝑒𝑔𝐵𝑖𝑛(𝑝𝑖𝑡, 𝑟𝑖)                                                                                                    Equation (1)          
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= 𝑒(𝛼𝑖[𝑘] + 𝛽𝑖[𝑘]
1 ∗𝑃𝐷𝑖𝑡 + 𝛽𝑖[𝑘]
2 ∗𝐷𝑅𝐼𝑖𝑡 + 𝛽𝑖[𝑘]
3 ∗𝑆𝑂𝐼𝑡 + 𝛽𝑖[𝑘]
4 ∗𝑁𝐴𝑂𝑡 + 𝛽𝑖[𝑘]
5 ∗[𝑁𝑖𝑛𝑜34𝑖𝑡∗𝑁𝐴𝑂𝑡] + 𝛽𝑖[𝑘]
6 ∗𝑃𝐷𝑂𝑖𝑡 + 𝛽𝑖[𝑘]
7 ∗𝐴𝑀𝑂𝑡 + 𝛽𝑖[𝑘]
8 ∗𝐴𝑂𝑡) 
 
Hierarchical level:  
𝛼𝑖[𝑘] ~ 𝑁(𝜇𝑎
𝑘, 𝜎𝑎
𝑘)     ∀     𝑘 ∈ (1, 2, 3) 
𝛽𝑖[𝑘]
𝑗




𝑘 )     ∀     𝑗 ∈ (1, 2, … , 8);  𝑘 ∈ (1, 2, 3) 
Priors:  
𝑟𝑖 ~ 𝑈(0, 100)     ∀     𝑖 ∈ (1, 2, … , 28) 
𝜇𝑎
𝑘 ~ 𝑁(0, 100)     ∀     𝑘 ∈ (1, 2, 3) 
𝜇
𝛽𝑗
𝑘  ~ 𝑁(0, 100)     ∀     𝑗 ∈ (1, 2, … , 8);  𝑘 ∈ (1, 2, 3) 
𝜎𝑎
𝑘 ~ 𝑈(0, 100)     ∀     𝑘 ∈ (1, 2, 3) 
𝜎
𝛽𝑗
𝑘  ~ 𝑈(0, 100)     ∀     𝑗 ∈ (1, 2, … , 8);  𝑘 ∈ (1, 2, 3)                                      
Equation 𝑦𝑖𝑡 ~ 𝑁𝑒𝑔𝐵𝑖𝑛(𝑝𝑖𝑡 , 𝑟𝑖)                                                                                                    Equation 
(1) shows that the annual frequency of tornados in each State (𝑦𝑖𝑡) is modeled as a Negative 
Binomial distribution with a success parameter (𝑝𝑖𝑡) and an overdispersion parameter (𝑟𝑖). The 
success parameter (𝑝𝑖𝑡) relates to the rate of occurrence (𝜆𝑖𝑡), which is informed by regression on 
the anthropogenic and climate covariates. 𝛼𝑖[𝑘] are the regression intercepts for State 𝑖 that belongs 
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to group 𝑘, and 𝛽𝑖[𝑘]
𝑗
 are the regression slopes representing the sensitivity of the frequency of 
tornadoes to the 𝑗 covariates.  
We considered a hierarchical structure for estimating the regression intercept and slope parameters 
to allow for the pooling of information across States and reducing the associated uncertainty. We 
classified the States into three groups (𝑘 ∈ (1, 2, 3)) —Tornado Alley, Dixie Alley, and Other 
States — based on the relative frequency of tornado occurrence. The mean annual number of 
tornadoes during 1950-2018 in the Tornado Alley, Dixie Alley, and Other States is 58, 27, and 22, 
respectively. For each of these three groups (k), 𝛼𝑖[𝑘] and 𝛽𝑖[𝑘]
𝑗
, were presumed to be drawn from 
a common distribution whose parameters are, in turn, described by a set of hyperparameters. For 
instance,  𝛽𝑖[1]
𝑗
 for the six States in the Tornado Alley (𝑘 = 1) will have a common mean 𝜇
𝛽𝑗
1  and 
variance 𝜎
𝛽𝑗
1 . This representation for each group allows partial pooling across the stations in the 
group by shrinking the estimates of 𝛼𝑖[𝑘] and  𝛽𝑖[𝑘]
𝑗
 toward a common mean 𝜇
𝛽𝑗
𝑘  with dispersion 
parameter 𝜎
𝛽𝑗
𝑘 , estimated as part of the solution(Gelman and Hill 2007). We assume a non-
informative uniform prior on 𝑟𝑖, 𝜎𝛼
𝑘, and 𝜎
𝛽𝑗
𝑘 , and a non-informative normal prior on 𝜇𝛼
𝑘  and 
𝜇
𝛽𝑗
𝑘 . The potential autocorrelation concern with using long-term climate data such as PDO or AMO 
can be captured by population term in the model, alternatively, one can add another autocorrelation 
term (climate variables at (t-1)) to resolve that. 
Using the above model structure, we ran two models, M1 and M2. M2 is the model described above. 
M1 had the same model structure, except that the covariates are only 𝑃𝐷𝑖𝑡 and 𝐷𝑅𝐼𝑖𝑡 to 
explain/capture the secular trend. For each model, the parameters were estimated using JAGS 
version 4.3(Denwood 2016; Plummer 2003), which employs the Gibbs sampler, a Markov Chain 
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Monte Carlo (MCMC) method for simulating the posterior probability distribution of the 
parameters. We simulated six chains starting from random initial values for the parameters to 
verify the convergence of the posterior distribution based on the shrink factor suggested by Gelman 
and Rubin(Gelman and Rubin 1992). The shrink factor compares the variance in the sampled 
parameters within the chains and across the chains to describe the improvement in the estimates 
for an increasing number of iterations.  
Each chain was run for a 1000 cycle burn-in to discard the initial state, followed by 4000 iterations 
in the adaptation phase and 25,000 samples of model parameters. The Rhat values for all the 
parameters are less than 1.1. The flow chart of the model is presented in the Figure 5. 
 
Figure 5. Flowchart of Hierarchical Bayesian Model 
We used R version 3.5.3 (https://www.R-project.org/)(Anon 2016)  and JAGS library  version 
4.3(Denwood 2016; Plummer 2003) to run the model.  The R and JAGS 4.3 codes with detailed 
instructions and the relevant data to implement the above-described simulation can be requested 





3. Results  
3.1. Explaining the Variance 
Figure presents the spatial distribution of the explained variance from the nested models (M1 and 
M2 – see the Methods section for a description of these models). We first show the state-level R2 
of M1, the model that uses PD and DRI as the anthropogenic covariates to understand their 
influence in producing the secular trend. The state-level R2 of model M2 that uses these two 
anthropogenic covariates as well as the climate covariates (SOI, NAO, the interaction between 
Nino3.4 and NAO, PDO, AMO, and AO) is shown next. The difference in the R2 between the two 
models is also presented. This difference map measures the additional explanation that the climate 




Figure 6. Spatial distribution of the explained variance from the nested models (M1 and M2). The 
explained variance, i.e., R2, is calculated based on sum of squared residuals, 𝑅𝑖





, where 𝑦𝑖𝑡 and ?̂?𝑖𝑡 are the observed and the predicted posterior median of the tornado counts in 
year t and state i, and ?̅?𝑖 is the mean of the observational data during the entire period. (Maps are 




The two anthropogenic covariates explained 17%, 28%, and 19% of the variance in the annual 
tornado frequency on average across Tornado Alley, Dixie Alley, and Other States, respectively. 
Greater than 30% variance in Kansas, Alabama, Mississippi, Kentucky, and Minnesota was 
explained by these covariates alone. Climate covariates brought additional explanation in the order 
of 15%, 11%, and 5% on average in the three groups, respectively raising their total average 
explained variance to 32%, 40%, and 24%. The largest increments in the variance explained were 
in Texas (29%), South Dakota (22%), and Florida (20%), indicating that climate plays a significant 
role in modulating the annual tornado frequency in these states. Based on the significant covariates 
from the model, we can infer that in Texas, all except SOI play a role, in South Dakota, it is 
primarily from NAO and AMO, and in Florida, NAO, AMO, PDO, and AO feature as the control 
variables. Similar inferences can be drawn for other states using Table 3, which shows the p-values 




Table 2. Explained variance from each model, coverage rates under the 95% credible intervals, 
and Bayes p-value for M2.  
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Overall, the anthropogenic and the climate covariates explained more than 40% variability in the 
annual tornado frequency in eight states, and more than 30% variability in 11 states. For these 
states, and Texas (explained variance = 33%), Tennessee (explained variance = 47%), and 
Louisiana (explained variance = 41%), we present the posterior distribution of the annual tornado 
frequency for model M1 and M2 in figure 7 and 8, respectively. They are presented as a time series 
composed of boxplots instead of single points because the tornado counts for each year are 
estimates of the posterior distribution for those years. The boxplots depict those posterior 
distributions graphically. The record of observed tornado counts data are also shown (red circles) 
along with an 11-year low-pass filter to visualize the general trend in the data. Secular trend 
dominated in Alabama (R2 = 43% from M1 vs. 54% from M2), Kentucky (R2 = 54% from M1 vs. 
60% from M2), and Kansas (R2 = 40% from M1 vs. 54% from M2). Climate trend dominated in 
Texas (R2 = 5% from M1 vs. 33% from M2). In Tennessee (R2 = 28% from M1 vs. 47% from M2) 
and Louisiana (R2 = 25% from M1 vs. 41% from M2), there was evidence of a mixture of these 
effects. Across all the states, the hierarchical Bayesian model did well in capturing the secular and 
cyclical trends while producing the uncertainty intervals.  
Texas and Kansas were particularly interesting cases due to an existence of low-frequency 
oscillation and step change. Texas showed a multidecadal variability signal, which was represented 
well in the model's posterior distribution. Kansas showed a step increase in the annual tornado 
counts since the 1990s, which was followed by an increase until the early 2000s and a decrease in 
tornados recently. In this case, too, the posterior distribution captured the three significant changes, 





Figure 7. Boxplot of posterior distribution of tornado counts in Model M1 for Alabama, Texas, 
Kansas, Kentucky, Tennessee and Louisiana. The median of posterior distribution in a state can 
be referred to the estimated annual tornado counts in that state. The red circles and red line 
represent annual records of observed tornado counts along with 11-year low-pass filter to visualize 
observed trend. 
Figure 8. Boxplot of posterior distribution of tornado counts in full Model (M2) for Alabama, 
Texas, Kansas, Kentucky, Tennessee and Louisiana. The median of posterior distribution in a 
state can be referred to the estimated annual tornado counts in that state. The red circles and red 
line represent annual records of observed tornado counts along with 11-year low-pass filter to 
visualize observed trend.  
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To evaluate the posterior distributions of the annual tornado counts, we also verified the coverage 
rates within the credible intervals and conducted posterior predictive checks. These results are also 
presented in Table 2. The posterior predictive distribution of the annual tornado counts was 
assessed by examining the model’s ability to cover the observed counts (coverage rate) within a 
95% credible interval(Li, Nychka, and Ammann 2010). For each state, we computed the coverage 
rate as the percent number of observations that are inside the 2.5th and 97.5th percentile of the 
posterior distribution. The average across each of the Alleys was approximately 95%, indicating 
the robustness of the fitted Bayesian models. Following Gelman et al(Gelman et al. 2003), we also 
computed the Bayesian p-value for two test quantities – the 10th percentile of the data (y[10]) and 
the 90th percentile of the data (y[90]). Bayesian p-value is defined as the probability that the 
replicated data (yrep) could be more extreme than the observed data (y) as measured by the test 
quantities, i.e., 𝑃𝑟(𝑇(𝑦𝑟𝑒𝑝, 𝜃) ≥ 𝑇(𝑦, 𝜃)|𝑦). The mean p-value for each of the states is presented 
in Table S2. The tail area probabilities in all the cases were within 0.05 and 0.95, indicating that 
the model can replicate the observed data well. These verifications confirmed our confidence in 
interpreting the results and our inference of the response parameters in the model.  
Next, we present overdispersion in the data as modeled using r, the overdispersion parameter (see 
Methods section for details). The map in Figure shows the spatial distribution of the median of the 
posterior distribution of r.  An overdispersion factor that is close to 1 indicates that the data 
resembles a Poisson distribution with an expected value equal to the variance.  Higher values of r 
indicate that the variance is greater than the mean, or that there is more variance in the annual 
tornado counts -- a fat tail distribution. All the 28 states had an overdispersion factor that is greater 
than 2. Kansas, Texas, Minnesota, and Oklahoma were among the states that had a high dispersion 
factor over 5. We also found that the overdispersion parameter is different in the three groups -- 
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Tornado Alley, Dixie Alley, and Other States. Figure7 also shows the results of the dispersion 
parameters for each group as boxplots. The states in Tornado Alley had relatively higher dispersion 
factors compared to those in Dixie Alley and Other States. The median dispersion factor in the 
Tornado Alley was 4.7, whereas it was 3.9 and 3.4 in the Dixie Alley and Other States, respectively. 
Other States had more spread compared to the states in Dixie Alley with some dispersion factors 
exceeding 5. It was also interesting to note that among the 13 states with a dispersion factor 
exceeding 4, the median amount of variance we could explain is at least 40% indicating the model's 
ability to predict fat-tail events well.  
 
 
Figure 9. Map of median overdispersion parameter from the negative binomial distribution along 
with its group-level distribution in Tornado Alley, Dixie Alley and Other States. (The map is 






3.2. Inference of the Significant Predictors 
In Figure10 , we present the state-level significant covariates (Figure10- a-h, based on the inference 
of the regression coefficients 𝛽𝑖[𝑘]
𝑗
) and their group-level (regional) effects (Figure , based on the 
inference of 𝜇
𝛽𝑗
𝑘 ). The color scheme in Figurea-h indicates the direction (blue for positive response 
and orange for negative response) and the strength of association expressed as a percentage change 
in the expected annual tornado counts per unit change in the covariate. A thicker boundary shows 
states that have Pr(𝛽𝑖[𝑘]
𝑗
 > 0) > 0.95 or Pr(𝛽𝑖[𝑘]
𝑗
 > 0) < 0.05. These are the states that have a 
significant positive or negative association of annual tornado frequency with the corresponding 
covariate. Figure8-i presents the posterior distributions of 𝜇
𝛽𝑗
𝑘  (i.e., the mean of the regression 
coefficients from the hierarchical level) as boxplots per the three state-groups. Full numerical 
details are presented in Table 3.  
Population density was a significant predictor in all of the Dixie Alley states and much of the Other 
States (Figure10-a). As expected, it had a positive effect -- an increase in the population density is 
associated with an increase in the rate of annual tornadoes, thus best explaining the secular 
trend.  In the Dixie Alley states, there was between 6-57% increase in the rate of annual tornadoes 
per additional ten people/mi2, the largest rate being in Mississippi (57%). In other states, the rate 
of increase in annual tornadoes ranged from 2% (in Florida) to 27% (in Kentucky) per ten 
people/mi2. Except for Colorado, population density was not a significant predictor in the Tornado 
Alley states. The posterior distribution of the regional coefficient (𝜇𝛽
𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛
, the hierarchical 
level mean for betas-population) clearly indicates this effect. The regional mean is an indication 
of the average impact of population density in the respective state-groups. Dixie Alley states and 
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Other States have a positive mean coefficient at a rate of increase of 28% and 12% per ten 
people/mi2, while the Tornado Alley states have a mean in the range of zero.  
While the population density was a significant predictor in the Dixie Alley, the Doppler Radar 
Indicator was a significant predictor in the Tornado Alley and nine states in the Other States 
category (Figure8-b). These were the states where step-change due to the Doppler Radars 
installation in the 1990s best explains the secular trend. In the Tornado Alley, there has been a 34-
69% increase in the rate of annual tornadoes since the 1990s. Based on the mean of the regression 
coefficients, we can deduce that regionally, there has been a 46% increase in the rate of annual 
tornadoes (since the 1990s) in Tornado Alley. This increase in the rate is 40% in Other States. 
The next six panels in Figure10 displays the coefficients for the climate covariates. The Southern 
Oscillation Index (SOI) was a significant predictor in Alabama and Tennessee in Dixie Alley and 
several states from the Other States group, but not significant in Tornado Alley. The boxplot of the 
mean of the regression coefficients showing the regional effect further reinforces this inference. 
However, the interaction term between ENSO and NAO, as treated by Nino3.4*NAO, was 
significant in four states in Tornado Alley (Colorado, Kansas, Oklahoma, and Texas), i.e. ENSO 
had an impact on the Tornado Alley during NAO events. The posterior distribution 𝜇𝛽 −
𝐸𝑁𝑆𝑂. 𝑁𝐴𝑂 also underlines this finding. On the other hand, NAO had a negative effect, mainly in 





Figure 10. a-h, maps of the regression coefficients expressed as a percentage change in the 
expected annual tornado counts per unit change in the covariate (for figure a, population density, 
we measure change per an increase of 10 people/mi2); i, posterior distributions of the mean of the 
regression coefficients from the hierarchical level as boxplots per the three state-groups. The color 
scheme in the maps indicates the direction (blue for positive response and orange for negative 
response); thick boundaries shows the states that have a significant positive or negative association 
of annual tornado frequency with the corresponding covariate. (Maps are created in R version 3.5.2 





Table 3- The posterior median of the regression coefficients for all the 28 states, and the mean of 
the regression coefficients (hierarchical level) for the three groups of states. Statistically 





Previous studies on tornado variability also identified ENSO and NAO as significant influence 
variables. For instance, Cook and Schaefer studied the impact of ENSO phases on the location and 
strength of US tornado outbreaks from 1950-2003(Cook and Schaefer 2008). Based on historical 
observations, they suggested that sea surface temperature oscillation in the tropical Pacific has 
different effects on the likelihood of tornado outbreaks depending on the geographic region. El 
Niño episodes usually limit tornado outbreaks in the Gulf Coast states, including central Florida. 
At the same time, La Niña affects a larger zone stretching from southeast Texas northward to 
Illinois, Indiana, and Michigan. Lee and Wittenberg studied springtime ENSO evolution and its 
potential links to regional tornado outbreaks using records between 1950 and 2014(Lee et al. 
2016). Their findings showed that in a resurgent La Niña, the probability of a tornado outbreak 
significantly increased in the Ohio Valley and the upper Midwest. On the other hand, when a two-
year La Niña transitions to an El Niño, the risk of a tornado outbreak rises in Kansas and 
Oklahoma. Marzban and Schafer also examined the correlation between regional tornado activity 
and sea surface temperature (SST) in four zones in the tropical Pacific Ocean(Marzban and 
Schaefer 2001). They found that the strength of correlation in different U.S. regions varied 
depending on the selected zone in the Pacific Ocean. However, their findings generally identified 
a strong correlation between cool SST in the central tropical Pacific (La Niña episode) and tornadic 
activity in an area stretching from Illinois to the Atlantic Coast, and Kentucky to Canada. Allen et 
al. showed that ENSO influences tornado activity by altering the favorable large-scale 
environmental conditions such as vertical wind shear and thermodynamic potential energy. Their 
study revealed that ENSO affects spring and winter tornado occurrences by modulating the 
position of the jet stream over North America(Allen et al. 2015). The study suggested that La Niña 
causes the atmospheric jet stream to move southeastward, which favors tornado formation in 
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central states due to the temperature gradient. Conversely, El Niño episodes reduce the chances of 
tornados occurring in the central U.S. due to the weakening of surface winds that typically carry 
warm and humid air from the Gulf of Mexico. Lee et al.(Lee et al. 2013) also discussed that the 
decay or development of ENSO (Trans-Niño) could led to a pattern of cool temperatures in the 
central Pacific and warm sea surface temperatures over the eastern tropical Pacific which produced 
more conducive for spring tornado outbreaks. Cook et al.(Cook et al. 2017) also investigated the 
relationship between  sea surface temperature in Nino3.4 region and U.S. tornado outbreaks  (in 
terms of counts and destructive potential) during winter and early spring. Their results showed that 
La Niña phases are consistently associated with more frequent and stronger tornadoes compared 
to El Niño conditions. They discussed that this tornado variability is related to the strength and 
location of subtropical jet during each outbreak and the positions of surface cyclones and low-
level jet streams. 
The study by Elsner et al(Elsner et al. 2016) reported an association between the NAO and tornado 
activity in the southeast U.S. The findings of this study showed that a positive phase of the NAO 
(lower than normal pressures over Greenland and higher than normal pressures over the Atlantic) 
is linked to a lower chance of tornadoes developing across southeastern states, Arkansas, Missouri, 
and Kentucky. Spencer (Spencer 2001), a former NASA climate scientist looked into correlations 
between the Pacific Decadal Oscillation (PDO) and strong tornadoes EF3 to EF5. His finding 
showed that the positive phases of PDO, which was dominant from the mid-1970s until 2005, is 
associated with fewer tornadoes in the US.  
The study by Muñoz and Enfield(Muñoz and Enfield 2011) presented the relation of Intra-
Americas low-level jet (IA-LLJ) variability with Atlantic and Pacific climate teleconnections. 
They calculated Spearman correlations between tornados and the following NAO, Pacific/ North 
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American teleconnection (PNA), Pacific decadal oscillation (PDO), and Niño3.4. Highest 
correlation was achieved between the March PNA and the March (April) tornado activity is −0.46 
(−0.33). Their findings revealed that an enhancement of the intra-Americas low-level jet stream 
during the cold phase of Niño3.4, was linked to an increased occurrence of tornadoes in the east 
of the Mississippi River. They also reported a connection between negative phase of the PNA 
pattern during spring and intensification of the IA-LLJ, which could provide greater moisture to 
the Mississippi and Ohio River basins and lead to increased tornadic activity.  
Elsner and Widen (Elsner and Widen 2014) used a Bayesian model to predict seasonal tornado 
records within a region stretches across the central Great Plains from northern Texas to central 
Nebraska. The authors assumed that tornado counts follow a negative binomial distribution and 
used the sea surface temperatures (SST) over the western Caribbean Sea and Gulf of Alaska during 
February as predictors. A trend term was also included to account for improvements in tornado 
reporting over time. The study showed that SST from both regions during February had a 
significant link to springtime tornado activity across the central Great Plains. There was a 51% 
and 15% increase in tornado counts per degree Celsius increase in SST of western Caribbean and 
Gulf of Alaska, respectively. The study showed that the SST covariates explained 11% of the out-
of-sample variability in the observed F1–F5 tornado reports. The authors concluded that adding a 
preseason covariate for the El Niño, PDO and NAO does not improve their model. Guo and 
Wang(Guo, Wang, and Bluestein 2016a) studied how temporal trends of EF1+ tornadoes varied 
across the 48 U.S. states during 1950-2013. The study showed that The Great Plains (including 
Nebraska and Texas) and Southeast (including Kentucky, Virginia, Tennessee, North Carolina, 
South Carolina, Alabama, and Georgia) are contributing to the continental‐scale increase in 
tornado temporal variability. 
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While our finding regarding ENSO and NAO corroborate previous conclusions based on regional 
studies, we provided comprehensive state-level summaries through these results using a holistic 
model.  Besides, beyond the findings regarding ENSO and NAO, we also found that PDO events 
have a significant positive effect in Colorado and Texas in the Tornado Alley and all states in the 
Other States, but do not affect Dixie Alley. The boxplots of the 𝜇𝛽 in Figure-i is further evidence 
of this regional effect. AMO, too, modulates the tornado variability in several states in Tornado 
Alley and Other States, but not Dixie Alley. Similar to NAO, it had a negative effect on the states 
it influences. Finally, we find that AO modulated the variability in almost all the states and had a 
positive effect. The positive AO phase enhances the rate of tornadoes in these states. A positive 
AO phase typically creates a warmer than normal winter in the U.S. through the polar vortex 
activity(Thompson and Wallace 1998) that keeps colder front far north. Warm winters are in turn 
relate to above normal tornado activity.  Childs et al(Childs, Schumacher, and Allen 2018), through 
a correlation analysis, have previously shown that positive AO phase can be related to enhanced 
winter season (November to February) tornado activity.  
Recognizing that there will be uncertainty in estimating model coefficients due to uncertainties in 
the input data, especially the choice of where the binary indicator changes from 0 to 1, we also 
conducted additional experiments to verify the model sensitivity to changes in when this binary 
indicator shift happens. The model estimation is done for all potential start years from 1991 to 
1997. From each of these models, we present in Figure 9, the distributions of the mean of the 
regression coefficients (𝜇
𝛽𝑗
𝑘 ) to verify whether the regional effect changes with change in the input 
binary variable. We find that the distributions of the mean regression coefficients for the 
anthropogenic and the climate covariates are similar. While these verification experiments indicate 
that the model results are robust to changes in inputs, we urge caution in interpreting the 
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coefficients for specific states. We recommend an approach where the model can be updated if 




Figure 9. Mean of the regression coefficients from the multiple models estimated using different 




4. Summary  
Whether the frequency in U.S. tornadoes has changed in the last century had been a tricky question 
to answer reliably given the changes in the classification of the tornadoes and reporting 
practices(Anderson et al. 2007b; Harold E Brooks, Carbin, and Marsh 2014; Brooks et al. 2003; 
Jagger et al. 2015; Lu, Tippett, and Lall 2015), and significant and possibly increasing interannual 
variability inherent in the data(Harold E. Brooks et al. 2014; Elsner et al. 2014; Tippett 2014). 
Verbout et al(Verbout et al. 2006a) attempted to address this question by fitting linear trend models 
on individual categories (F/EF scales) in the data for the aggregated counts across the U.S. Others, 
based on regional analyses, showed that these trends could vary spatially(Agee et al. 2016; Farney 
and Dixon 2015; Gensini and Brooks 2018). However, to our knowledge, a comprehensive 
assessment of explaining trends and variability across the U.S. by separating secular trends from 
cyclical variability has not been conducted previously, and hence motivated us to embark on this 
research of classifying the climatological trends across 28 major tornado-impacted states in the 
U.S.  
In general, this is a high-dimensional problem that offers interesting opportunities since the trends 
and climate responses have local (state-level) as well as regional (alley-level) effects. A 
hierarchical Bayesian model with partial pooling was an excellent fit to seamlessly capture these 
at-state and regional effects. Partial pooling through a hierarchical model also offers a reduction 
in the uncertainty of the trend/response coefficients. Hierarchical Bayesian models are being used 
more commonly in applications related to predictions and data description, especially for 
multivariable problems where the investigator needs to learn something about the group and 
individual dynamics. Recently, Potvin et al.(Potvin et al. 2019) used such Bayesian hierarchical 
modeling framework to estimate tornado reporting rates and expected tornado counts over the 
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central U.S. between 1975-2016 while also addressing spatial non-uniqueness issues. Our study 
builds on this work and provides an application for seamless estimation of secular and cyclical 
trends in the annual frequency of tornados across the U.S.   
In our models, we attributed the state-level secular trend to two anthropogenic covariates 
(population density and Doppler radar installation indicator). The regional secular trend was then 
estimated with the hierarchical model through the pooling of information within the alleys. We 
attributed the state-level cyclical variability to six climate covariates (SOI, NAO, PDO, AMO, 
AO, and an interplay term between ENSO and NAO). The common climate response in each of 
the three alleys was estimated in the partial pooling hierarchical level. By separating the covariates 
and looking at their difference in the variance explained, we described the effect of large-scale 
climate in modulating the variability on top of the anthropogenic factors.  
We found that, in essence, population density explains the secular trend in Dixie Alley. In contrast, 
the step-change induced due to Doppler Indicator explains the secular trend in Tornado Alley. The 
states in the Other States group were affected by a combination of both factors. The secular trend 
in these states is partly due to population increases and partly due to Doppler radar installation. 
NAO and the interplay between NAO and ENSO explained the inter-annual to multi-decadal 
variability in Tornado Alley. Further, we found that PDO and AMO are also contributing to this 
multi-time scale variability. SOI and AO can explain the variability in Dixie Alley. In the rest of 
the Other States, interannual to multi-decadal variability was modulated by all the climate 
covariates, except the interaction term.  
These findings regarding PDO, AMO, and AO on the annual frequency of state-level tornadoes 
across the U.S. are presented here for the first time, and provoke thinking and systematic 
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investigation as to how such low-frequency oscillations may work in modulating the regional 
variability of tornadoes, and whether the underlying climate processes can suggest, at least 
qualitatively, that the inference we find here can be explained. Extending this inference model into 
a seasonal forecast setting using pre-season climate variables(Gunturi and Tippett 2017) would be 
of interest too. Such prognostic information is of value to public planners, businesses, and 
insurance-based risk management agencies(Gunturi and Tippett 2017). The more we can 





Chapter 3: Investigating the spatial manifestation and rate of 






This phase of study is focused on the spatial and temporal characteristics of large tornado outbreaks 
(LTOs) which are rated F2(EF2) or greater on Fujita (Enhanced Fujita) scale and has struck several 
counties in one day. A statistical assessment of changes in the LTOs clusters for two consecutive 
30-year time periods 1950-1980 and 1988-2015 has been performed and the findings show a 
geographical shift towards Southeast of the United States. The spatial shift is also accompanied by 
a reduction in cluster variance which suggests LTOs has become less dispersed between the two 
period. We investigate changes in tornado inter-arrival rate over time during the period of study 
using an exponential regression. Results showed that the arrival rate has changed from 124 days 
during 1950-1980 to 164 days during 1977-2007, which means LTOs were less frequent between 
the two periods. The analyses performed in this study support previously reported findings in 






Tornadoes are one of the most devastating severe weather events in the United States that have 
always posed risks to human life and resulted in extensive property damage. The U.S. has 
experienced an annual average of 5.4 billion dollars loss due to the severe thunderstorms 
accompanied by tornadoes (Gensini and Brooks 2018). Tornado outbreaks, defined as sequences 
of multiple tornadoes closely spaced in time, routinely rank among the deadliest severe weather 
events and cause billion-dollar losses (Smith and Matthews 2015; Tippett and Cohen 2016).  
Several studies illustrate that although annual number of reliably reported US tornadoes has 
remained relatively constant, there is a decrease in the number of days per year with 
tornado(Harold E. Brooks et al. 2014; Farney and Dixon 2015; Gensini and Brooks 2018; Guo, 
Wang, and Bluestein 2016b), which suggests that tornadoes are beginning to cluster more in 
time(Moore and McGuire 2019a).  According to the study by Brook et al. (Harold E. Brooks et al. 
2014), although there is a lower chance of a day having one tornado, if a day experiences a tornado, 
there is a much higher probability of having many tornadoes. The study by Elsner et al.(Elsner et 
al. 2015) on tornado outbreaks (rated F1/EF1 or higher) also confirmed an increasing trend in the 
risk of having multiple-tornado days with densely concentrated clusters. Tippett and Cohen 
(Tippett and Cohen 2016) also analyzed tornado outbreaks (rated F2/EF2 or higher) during 1977-
2014 and showed that the mean number of tornadoes per outbreak and its variance had increasing 
trends. 
Recent studies also indicate geographical shifts of tornadoes over time(Agee et al. 2016; Farney 
and Dixon 2015; Moore and DeBoer 2019b; Moore and McGuire 2019b). For instance, Agee et 
al.(Agee et al. 2016) compared tornado activity (rated F1/EF1 or higher) between the two periods 
1954–1983 and 1984–2013 in a gridded domain covering the main region of tornado activity (80°–
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105°W, 30°–50°N) and showed that the maximum gridded tornado counts has shifted from great 
plain to the Southeast over time. Also, the new center of violent tornado days (rated F3/EF3 or 
higher) was observed in northern Alabama and Tennessee. 
 Understanding the changes in statistics and spatial manifestation of tornado outbreaks is the 
foundation of any risk assessment. To date, most of the studies on tornado outbreak are about 
detecting long-term trends and explaining their climatology and very little is known about changes 
in the characteristics of tornado outbreaks and their arrival rate. 
This study presents a systematic analysis of tornado outbreaks in the principal region of tornado 
activity covering 28 US states.  It is well documented that increasing reports of weak tornadoes 
due to the population change and other non-meteorological factors has accounted for an increase 
in annual tornado counts over the last half century(Brooks et al. 2000; Harold E. Brooks et al. 
2014; Verbout et al. 2006a), so these events are excluded in our study. We examine temporal 
behavior of tornado outbreaks including their return time, seasonality and oscillatory patterns, then 
we investigate how tornado outbreak return time has changed over time using an exponential 
regression model and finally we illustrate spatial characteristics of tornado outbreaks and 
compared the statistics of tornado clusters between the two periods 1950-1980 and 1988-2018. We 
also present the potential relationship between the tornado outbreaks and socioeconomic damage 
using the historical records of over 2000 US counties. The findings of this study have important 







Historical tornado records were retrieved from the United States (US) Storm Prediction Center 
(SPC), which represents the most reliable accounting of tornado occurrence available over the US. 
The information in this dataset is collected and compiled from National Weather Service (NWS) 
Storm Data publications and reviewed by the US National Climate Data Center (Elsner et al. 2014; 
Long, Stoy, and Gerken 2018b; Verbout et al. 2006b). The dataset includes the information about 
the date and time, location, tornado path and length, intensity [Fujita or enhanced Fujita (EF) 
scale], property losses, crops damages, fatalities and injuries records on all tornado incidents in 
the US from 1950 till date. The tornado database can be accessed online at 
https://www.spc.noaa.gov/wcm/ (Anon n.d.). Since the record of tornado occurrence in this dataset 
is primarily based upon eyewitness and reports of storm damages, there might be spatial biases in 
the data due to the varying population density (Ray, Bieringer, Niu, and Whissel 2003b). In this 
study, we only analyzed strong tornadoes (F2 or greater and EF2 or greater since the enhanced 
Fujita scale was introduced) that happened from 1950 to 2018 as they are less likely to go 
unobserved (Ashley 2007; Brooks et al. 2000; Lindell and Brooks 2013). Coleman et al. also 
argued that the number of strong tornadoes has remained almost constant since 1973 (Coleman et 
al. 2014). In other words, there is less impact of improved tornado reporting efficiency on strong 
tornadoes compared to weaker ones. Furthermore, we only consider data from the major tornado 
affected States where located in South, Southeast, Ohio Valley, Upper Midwest and Northern 
Rockies. The region of study is presented in supplementary Figure S1. The final dataset consists 
of daily tornado data from 1950 to 2018 for 2229 number of counties across these 28 States.  
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2.1.2 Housing units  
The number of housing units at county level were obtained from the U.S. Census Bureau, 
Population Division released on March 2011(U.S. Census Bureau 2018). A housing unit is a house, 
an apartment, a group of rooms, or a single room that is occupied as separate living quarters. The 
detailed definitions can be found at https://www.census.gov/housing/hvs/definitions.pdf. 
The records of housing units that are used in this study are based on the 2010 United States national 
census. 
2.1.3 Farm operations 
The number of farm operations for U.S. counties was collected from United States Department of 
Agriculture, national agricultural statistics service. The dataset includes the total number of farm 
operations for each US county based on the 2017 national Census of Agriculture. According to the 
US department of agriculture, a farm is defined as any place from which agricultural products 
worth $1,000 or more were produced and sold, or normally would have been sold, during the year.  
2.2 Large tornado outbreak  
In this study, a large tornado outbreak day (LTO) is characterized by an event when at least eight 
US counties (among the major tornado impacted States (Figure S1)) experienced a category F2 or 
greater tornado on a day. We arrived at this measure as follows. Consider 𝑥𝑖,𝑡 as the indicator for 
the Fujita or enhanced Fujita scale of the intensity of the tornado for a county i and day t. Using 𝑥𝑖,𝑡, 
we construct a large tornado outbreak binary matrix  𝑋𝑖,𝑡 where the elements of the matrix are:  
𝑋𝑖,𝑡 = {
1  𝑖𝑓   𝑥𝑖,𝑡 ≥ 𝐹2 (𝐸𝐹2);    
0                        𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 
 (2) 
where 𝑖 = 1: 2229 𝑐𝑜𝑢𝑛𝑡𝑖𝑒𝑠, 𝑎𝑛𝑑 𝑡 = 1: 10790 𝑑𝑎𝑦𝑠 
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Using 𝑋𝑖,𝑡, we compute the total affected counties for each day as the sum of the counties that have  
𝑥𝑖,𝑡 ≥ 𝐹2 (𝐸𝐹2), that is  





Where n is the number of counties among the selected States (Figure S1). 
We identify large tornado outbreaks as the events that exceed the 95th percentile of TO. Based on 
our data, we find that the 95th percentile of TO is eight, and there are 182 large tornado outbreak 
events; i.e., days when there are eight or more counties experienced an F2/EF2 or greater intensity 
tornado. 
2.2.1 Large Tornado outbreak return time 
The analysis of LTO evens indicate that the time between two consecutive events can vary from 1 
day to 999 days with an average of 130 days. The objective is to investigate changes in tornado 
inter-arrival rate over time during the period of study. Assuming that two successive tornado 
outbreaks occur independently and continuously at a constant average rate, an exponential 
distribution function was found to provide the best fit to the data. Mathematically, the probability 
density function is represented as: 
𝑓(𝑡|𝜆)~𝜆 exp(−𝜆𝑡)          (4) 
Where, 𝑓(𝑡|𝜆) is the probability density function of arrival time, and t is the time between two 




2.2.2 Changes in the arrival rate of LTOs 
We determined the rate of the arrival of LTO events in consecutive 30-year blocks during 1950-
2018, such that each 30-year block is one year ahead of the next one, that is 1950-1980, 1951-
1981, 1952-1982,…, 1988-2018. For each period, we used regression splines to estimate the fitted 
density of LTO return times, then fitted an exponential distribution function to find the arrival rate, 
λ, on that period. 
2.2.3 Changes in the spatial manifestation of LTOs 
The spatial patterns of LTOs during 1950-2018 was studied by exploring the changes in location 
and properties of tornado clusters over time. Each event was first examined for the existence of 
clusters using Duda-Hart method (Clarke, Duda, and Hart 1974), which is a hypothesis test that 
determines whether there is more than one cluster on a default significance level of α=0.001. The 
test is based on calculating the ratio of within-cluster sum of squared errors for two clusters, and 
overall sum of squared errors when only one cluster exists. We used k-medoids algorithm 
(partitioning around medoid) (Dunham 2003; Santhanam and Velmurugan 2010) to find the 
clusters of each LTO event. The algorithm is more robust in presence of outliers compared to the 
k-means as it minimizes a sum of pairwise dissimilarities instead of sum of squared Euclidean 
distances to the cluster mean (Madhulatha 2012; Santhanam and Velmurugan 2010). The 
algorithm was coded in R version 3.5 using the fpc library (Hennig 2019). The optimum number 
of medoids for each LTO event was determined using average silhouette width criterion 
(Kaoungku et al. 2018). For the top nine LTO events (sorted based on the total number of tornado 
touchdowns), we investigated cluster properties including the variance of clusters and density of 




3 Results and discussion 
3.1 Exploratory analysis of large tornado outbreaks 
The spatial distributions of top 9 large tornado outbreak events are presented in Figure 1. The dark 
blue circles show the location of LTOs and the light blue circles represent the touchdown location 
of weaker tornadoes (rated (E)F0-(E)F1) occurred on a LTO day.  
Looking into the spatial manifestation of the top 9 events, we observed that the spatial 
characteristics of LTOs are considered random across the U.S.; Some of the events are south-
oriented while some happened in Central and North Central U.S. Some events are localized, but a 
few events occurred in clusters. For instance, the event on Dec,1992 had two distinguish centers 
in Ohio valley and Southeast. The spatial distribution of LTO events reveals the clusters of 
tornadoes, but there are also several events with landfalls far from the clusters. The touchdown 
locations of top LTO events indicate that such events do not necessarily happen in traditional 
Tornado Alley or Dixie Alley, the two regions with higher historical records of tornadoes. For 
instance, on April 1965, 35 tornadoes (rated F2-F5) struck upper Midwest including states of 
Indiana, Ohio, Michigan, Wisconsin, Illinois, and Iowa. Also, the events on June 2, 1990 and 
December 17, 2013 only involved Ohio Valley. The top nine LTOs happened during April, March, 
June, and December and mostly post-1990s. 
As shown in the first map, the most extensive tornado outbreak happened on April 4, 1974 in 
which 100 tornadoes (rated F2-F5 on Fujita scale) struck 86 counties across the U.S. The outbreak 
extended from Upper-Midwest to the Southeast of the U.S. and involved 10 states including 
Illinois, Indiana, Michigan, Ohio, Kentucky, Tennessee, Alabama, Mississippi, Georgia, North 
Carolina. It was also the most violent tornado outbreak ever recorded, with around 30 confirmed 
F4/F5 tornadoes. The tornado outbreaks on April 3 and April 4 with a combined path length of 
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2,600 mi caused more than $600 million loss (equivalent to $3.3 billion in 2019) in the U.S 
(Kessler 1983; RMS, Inc 2004). The outbreak on April 27, 2011 is also notable for the most 
tornado touchdowns in 24-hour period with more than 200 tornadoes (including 75 tornadoes 
greater than EF2). More than half of the touchdowns were recorded in Alabama and Tennessee, 
(59 and 79 tornadoes hit Alabama and Tennessee, respectively). The tornado outbreak on April 
27, includes four confirmed cases of EF5 tornadoes, which is the highest ranking possible on the 
Enhanced Fujita scale and totally resulted in 316 death and approximately 3000 injuries according 




Figure 1. Spatial distribution of large tornado outbreaks during 1950-2018. Light blue points 
represent the touchdown location of weaker tornadoes (rated (E)F0-(E)F1) occurred on a LTO day; 
dark blue points shows the location of LTOs on that day. (Maps are created in R version 3.5.2 
using the ggplot2 package (Wickham 2016), https://CRAN.R-project.org/package=ggplot2)  
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Figure 2-a shows the empirical cumulative frequency distribution of TO. 𝑇𝑂𝑡 is the basis for 
identifying large tornado outbreaks. As mentioned before, we identify large tornado outbreaks as 
the events that exceed the 95th percentile of TO. Based on our data, we find that the 95th percentile 
of TO is eight, and there are 182 large tornado outbreak events, i.e., days when there are eight or 
more counties experienced an F2/EF2 or greater intensity tornado. Figure 2-b shows the number 
of such events per year, the average annual LTOs is 3 with a large inter annual variation 
(coefficient of variation = 63%). In the year 1973 and in the year 2011, there were 10 and 7 LTOs 
respectively. The average number of affected counties in a LTO event was 13 in 1973 and 18 in 
2011. The seasonality plot (Figure 2-c) indicates a strong seasonality during the months of March, 
April and May, in line with the typical tornado season in these states. In our event data, we found 
that approximately 69% percent of the large tornado outbreaks (125 out of 182 events) have 
occurred during March-April-May.  
We also investigated the annual time series of LTOs for any quasi-cyclical behavior using a 
wavelet transformation on the data. Wavelet transforms perform an orthogonal decomposition of 
the time series using base functions differing in time and frequency resolutions (Lee and 
Yamamoto 1994; Tangborn 2010). The localized power spectrum represents the periodic behavior 
in the time series of LTO events. Figure 2-d shows the wavelet decomposition of the annual LTOs 
presented in Figure 2-a. Significant power is exhibited at the decadal time scale. Locally, during 
the 1970-1980 decade, we also find a strong inter-annual mode that can be coherent with the El-







Figure 2. Exploratory analysis of tornado outbreaks during 1950-2018 
 
3.2 Spatial characteristics of LTO events 
Analyzing LTO’s density maps reveals an eastward shift of tornado touchdown. We performed a  
two-dimensional kernel density estimation with an axis-aligned bivariate normal kernel on LTO’s 
geographical coordinates and compared the density level during the two periods 1950-1980 and 
1988-2018 in Figures 3-a and 3-b. For density estimation, we used 100 grid point in each direction 




During the first 30-year of records (1950-1980) LTOs are mostly concentrated in the south of Great 
Plain (Oklahoma and Arkansas) and Ohio valley, while in the last 30-years, they are denser in 
Alabama, Tennessee and Kentucky. We also observed that the LTO events during the last 30 years 
(1988-2018) had slightly higher density level than the initial 30 years. The eastward shift of 
tornado activity has been confirmed in previous studies (Agee et al. 2016; Farney and Dixon 2015; 
Moore and DeBoer 2019a; Moore and McGuire 2019a). Our results confirm that the spatial shift 
of tornado activity not only is valid for tornado counts in geographic grids but also for EF2 + 
tornado outbreaks which strike several U.S. counties in a 24-hour period. It is believed that the 
eastward shifts in tornado activity is contributed to the rising tornado-favorable environments in 
the Southeast (Gensini and Mote 2015; Lee 2012).  
To identify changes in spatial characteristics of LTO clusters, we run the k-medoid clustering 
algorithm on geographic coordinates of LTO touchdowns and estimated two-dimensional kernel 
density on cluster medoids. Similar eastward pattern was seen in LTO’s cluster centers (Figure 3-
c and 3-d). During the initial 30-year of records, the region with maximum density of cluster 
medoids falls in Arkansas while in the latter 30-year it is shifted to Tennessee. We also examined 
the standard deviations of the clusters between the two period to understand the changes in LTO’s 
dispersion over time. Figures 3-e, 3-f and 3-g reveals that although the distribution of LTO counts 
in a cluster is similar between the two periods, the variance of the clusters is different in both 
directions. The changes in the peak and tail of the distribution of clusters’ standard deviation 
suggest that LTOs are becoming thinner and more localized between the two periods 1950-1980 
and 1988-2018. We run a significance test (using bootstrap method with 10,000 times resampling) 
to compare the mean and tail of the distribution of clusters’ standard deviation (latitude and 
longitude directions) between the two periods. The p-value of the null hypothesis for comparing 
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mean and 90th percentile of clusters’ standard deviation in latitude direction was 4e-04 and 0.040, 
respectively and in longitude direction was 0.002 and 0.026, respectively. The hypothesis test 
results confirm that the spatial dispersion of the clusters is significantly different between the tow 
periods 1950-19080 and 1988-2018 and the clusters size has shrunk and got more concentrated 
over time. A recent study (Moore and McGuire 2019a) used a standard deviation ellipse as a 
measure of the geographical dispersion of tornadoes and showed that tornadoes were becoming 






Figure 3. a, b: The spatial shifts of large tornado outbreaks between periods 1955-1980 and 1988-
2018. c,d: The changes in LTO cluster medoids during the two periods, gray points represent the 
observed touchdown location, and the color scheme indicates density level. e: Distribution of the 
number of tornadoes in a LTO event. f-g: Distribution of the variance of LTOs’ clusters. The 
density maps are created in R version 3.5.2 using MASS packages (Venables and Ripley 2002) 
and ggplot2 (Wickham 2016).  
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3.3 Large tornado outbreak return time 
The analysis of LTO events shows that their return period varies between 1 and 999 days.To date, 
there has been no studies on the return period of outbreaks. Figure 4-a shows the distribution of 
return time during the entire period of records. The records show that 38% of the LTOs has a return 
time between 1-30 days and around 20% of them has happened within one week of their previous 
outbreak. We fitted an exponential distribution to the calculated return times and estimated the 
arrival rate of LTOs. As shown in figure 4-b, the overall arrival rate of LTOs is 135 days with a 
20-year confidence interval band. 
To identify the changes in the LTO’s inter-arrival rate, we computed the arrival rate of LTOs 
during 39 successive 30-year blocks using an exponential regression. The data labels in Figure 4-
b show the middle year of the 30-year block. Results showed that the arrival rate has changed from 
124 days (λ=0.008) during 1950-1980 to 164 days (λ=0.006) during 1977-2007, which means 
LTOs were becoming less frequent between the two periods. The arrival rate started increasing 
during the next 30-year blocks and was approximately 133 days during 1981-2011 and remained 
relatively constant during the latest 30-yaer periods. Considering the 95% confidence band of the 
overall arrival rate (135 days), we can say that the changes in return time has mostly fallen into 
the uncertainty margins with the exception of four successive 30-year periods between 1975 and 
2008, including 1975-2005, 1976-2006, 1977- 2007 and 1978-2008, in which the return time was 
maximum. The period between 1975-2008 can be linked to the warmth phase of climate variability 
in the North Pacific (PDO) which is characterized by an anomalously warm eastern pacific sea 
surface temperature (SST) and cold central-western Pacific SST(Mantua et al. 1997). Additional 
research is needed to determine the connection between climate decadal oscillations and arrival 




Figure 4. a: Distribution of LTO’s return period during 1950-2018. b: Changes in the inter-arrival 
rate of LTOs over time. The dash lines show the confidence interval of exponential regression 
parameter, λ (overall rate of arrival).  
 
3.4 The projection of the socioeconomic impact of large tornado outbreak 
The projection of the socioeconomic impact of LTO events are briefly illustrated in figure 5. We 
used a simple regression analysis to show how the observed losses (adjusted for inflation) are 
related to the affected number of counties and how many housing units and agricultural units are 
exposed to risk based on the number of counties involved in a tornado outbreak.  
The findings presented here are based on the latest records of infrastructures including housing 
units (2010 census) and farm units (2017 records) and are subject to change as the population and 
built environment changes. It should be note that the ultimate impact of an extreme weather event 
on a society does not solely depend on the dynamic populations and infrastructures that are 
exposed, but also depend on how well it is prepared to minimize the damage and cope with the 
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consequences of a weather disaster. These adaptations can be effective surveillance and emergency 
response systems, and sustainable prevention programs(Ofori et al. 2017). 
 
 
Figure 5. The projection of the socioeconomic impact of large tornado outbreaks 
 
4 Summary  
We investigated the (E)F2+ tornado outbreaks, called LTOs, which struck several U.S. counties in 
one day. The temporal analysis of the events revealed that the majority of the LTOs (69 percent) 
has happened in March, April and May and there was no record during August. The wavelet 
transformation of the LTO timeseries illustrated significant power at the decadal time scale during 
the 1970-1980 and a strong inter-annual cycle that is potentially relevant to the El-Niño Southern 
Oscillation. Fitting an exponential distribution function on the LTO’s return time, we identifies 
the arrival rate of LTOs during 39 successive 30-year period and the results showed that LTOs 
became less frequent between the two periods 1950-1980 and 1977-2007, then the arrival rates 
started to increase till 2011. The findings regarding the inter-arrival rates of LTOs are presented 
here for the first time and needs additional investigation to explore the connection between 
regional climate variability and the return period of LTO events.   
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The spatial analysis of LTOs reveals that the center of LTO events has been shifting to the 
Southeast during the last 30-year compared to the earlier records and the variance of clusters has 
significantly decreased in both latitude and longitude direction which suggests a decrease in spatial 
dispersion. Considering the relocation of LTOs towards the Southeast and Dixie Alley, we can 
conclude that the risk of tornado outbreaks is becoming more concentrated in these regions. 
Additional research is worthwhile to find the potential connection with local environmental factors 
such as convective available potential energy (CAPE) or other meteorological variables 
responsible for the change in spatial characteristics of tornado outbreaks(Agee et al. 2016; Moore 
and McGuire 2019a). 
Although the results of this study are sensitive to the details of the outbreak definition, but they 
are in agreement with previous studies on the topic and provides valuable information for the risk 










Part 1- Trends and variability of U.S. Tornadoes 
The changes in U.S. tornadoes reporting have made it complicated to provide confident estimates 
for tornado trends and explore the climatology analysis using the current database. (Anderson et 
al. 2007b; Harold E Brooks et al. 2014; Brooks et al. 2003; Jagger et al. 2015; Lu et al. 2015). In 
this study we performed a comprehensive analysis to understand temporal and spatial variability 
of U.S. tornadoes across 28 major tornado impacted states considering the impact of changes in 
tornado reporting and climate tele-connections simultaneously. 
In-depth exploratory analysis on annual tornado counts revealed both secular and cyclical 
variability. Robust principal component analysis (rPCA) resulted in capturing 93% variance in the 
first  four PCs. 65% of this variability was an increasing trend which is potentially due to the 
improvement in tornado detection system over time. The other three key components exhibited 
cyclical trends. Wavelet transformation of these principal components also unveiled oscillatory 
features which is can be connected to the climate teleconnections. Significant wavelet power (at 
the 90% confidence level) was achieved in period band of 2-5 years, which typically corresponds 
to low-frequency climate oscillations. The 2-5 years periodic activity was significant in mid 1960s 
and during 2000-2010 for the first PC, and in the second PC, the significant band occurred during 
1970 to mid-80s, mid 1990s and 2000-2012. Also, the wavelet power of third PC was significant 
in the period band of 5-10 years during mid-1980s to mid-1990s, which can be linked to the decadal 
climate oscillations. 
Considering the results of exploratory analysis, we developed a hierarchical Bayesian model to 
explain the contribution of anthropogenic factors and climate variables and estimate secular and 
cyclical trends separately. We used population density and implementation of Doppler radar 
(WSR88D) term to control for changes in observational practices over time.  We attributed the 
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cyclical variability to six climate variables including ENSO-SOI, NAO, PDO, AMO, AO, and an 
interaction term between ENSO and NAO. The potential commonality in the impacts of 
anthropogenic and climate factors led us to classify the States into three groups including Tornado 
Alley, Dixie Alley, and Other States based on the relative frequency of tornado. By pooling of 
information across these groups in a hierarchical framework, our model estimated the regression 
coefficients in a more robust way and reduced the uncertainty. Results showed that population 
density explains the secular trend in Dixie Alley, while Doppler installation explains the secular 
trend in Tornado Alley; The trend in the Other States group is partly due to the increase in 
population density and partly resulted from Doppler radar installation. Based on the mean of the 
regression coefficients, we found that there has been a 46% increase in the rate of annual tornadoes 
(since the 1990s) in Tornado Alley. The two anthropogenic variables explained 17%, 28%, and 
19% of the total variance on average across Tornado Alley, Dixie Alley, and Other States, 
respectively. Climate covariates resulted in additional explained variance in the three groups which 
raised their total average explained variance to 32%, 40%, and 24%, respectively. ENSO and NAO 
and the interaction between ENSO and North Atlantic Oscillation (NAO) explained the inter-
annual to multi-decadal variability in Tornado Alley. The Southern Oscillation Index (SOI) impact 
was found to be a significant in Alabama and Tennessee in Dixie Alley and several states from the 
Other States group, but not significant in Tornado Alley. NAO showed a negative impact in 
Tornado Alley and Other States and was not significant in Dixie Alley. Pacific Decadal Oscillation 
(PDO) had significant positive impact mainly in Tornado Alley and Other States and was not 
significant in Dixie Alley. 
It should be noted that there are some considerations for interpreting the model results in the first 
part of the study. For instance, while the methodology we used is technically sound in the 
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relationship between anthropogenic factors and tornado frequency, it does not completely 
eliminate the bias in reported tornado counts. There might be other variables that influence tornado 
frequency, which were not included in the model due to the lack of available data. These may 
explain why part of the variance in tornado counts remained unexplained. Also, there are some 
uncertainly associated with the choice of when Doppler radar implemented in each state due to the 
fact that the installation of the radar started in 1990, but it was not widely in use across the continent 
US until late 1996. We conducted additional experiments to verify the model sensitivity to changes 
in when the binary indicator shift happens and showed that its impact is minimal, one should be 
careful about interpreting the results. Collecting the data related to the exact year of Doppler 
implementation in each location would be useful for future research. The other next step in this 
research will be to examine how the model works on U.S. county level, which needs additional 
datasets such as local meteorological factors. It will be interesting to see, for example, whether the 
regional impact of anthropogenic variables will remain same when we use a smaller scale and 
consider local climate influence instead of regional influence. Another future study will be to re-
construct the model and change it to a predictive mode in which seasonal tornado counts is 
predicted using prior-season climate information. 
Part 2- Spatial and temporal analysis of Large Tornado Outbreaks 
In the second part of the study, we focused on strong tornadoes (F2/EF2 or greater on Fujita scale) 
that struck several counties in a 24-hour period and called them large tornado outbreaks (LTO). 
Based on the number of impacted counties in each tornado day, we found that the 95th percentile 
of tornado outbreaks was eight counties, and there were 182 large tornado outbreak events since 
1950. The temporal analysis indicates a strong seasonality during the months of March, April and 
May such that approximately 69% percent of the large tornado outbreaks have occurred during 
62 
 
March-April-May. Wavelet transformation of annual LTO timeseries exhibited significant power 
(at 90% confidence level) at the decadal time scale. During the 1970-1980 decade, there was also 
a strong inter-annual mode (2-4 years period band) that can be linked to the El-Niño Southern 
Oscillation. We also analyzed the return period of LTOs to estimate the changes in their arrival 
rate during 1950-2018. Based on the data, the return time of a large tornado outbreaks can vary 
between 1 to 999 days and the overall arrival rate was found to be 135 days using an exponential 
regression. The inter-arrival rate of LTOs was estimated in successive 30-year period (1950-1980, 
1951-1981, …, 1988-2018) and results suggested that LTOs are became less frequent over time.  
We performed a  two-dimensional kernel density estimation on LTO’s geographical coordinates 
to explore the spatial shifts of tornado outbreaks between the two periods 1950-1980 (the initial 
30-year of tornado records) and 1988-2018 (the latest 30-year of the records). The density maps 
showed that in the first 30-yaer period, the focus region of LTOs are the south of Great Plain and 
Ohio valley. In contrast, during the last 30-year, LTOs are more concentrated in Southeastern 
U.S. including Alabama, Tennessee, and Kentucky. Similar result was observed when we 
performed spatial density estimation on LTOs’ cluster centers.  We computed the variance the 
clusters between the two periods to explore changes in the dispersion of LTOs over time. Results 
showed that the variance of the clusters in both latitude and longitude directions are significantly 
different between the two 30-year period. The distribution of clusters’ standard deviation 
revealed tinner and more localized LTOs in 1988-2018 compared to the initial 30-yaer of the 
records. The results presented here are consistent with those from other empirical studies suggest 
that spatial characteristics of U.S. tornadoes are changing. 
Studies showed that in an outbreak, tornado favorable ingredients usually co-occur in the presence 
of an extratropical cyclone(Doswell, Carbin, and Brooks 2012; Moore 2017; Schultz et al. 2014). 
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As a future research, it will be interesting to see whether these tornado-favorable environmental 
conditions are spatially changing over time.  
Similarly, additional research is needed to explore the connection between changing climate and 
changes in tornado outbreak rerun time.  
Another next step will be simulating LTOs’ occurrence (on a county-level) using a regression 
model with local/regional climate covariate in order to find the risk of event in each location. We 
already did preliminary research on this and developed a model with a single covariate (ENSO-
Nino3.4) to simulate LTO occurrence under changing ENSO index. Although the results were 
promising, additional research is needed to confirm the validity of the model in the presence of 
other climate/environmental predictors. 
The applications of project findings 
In the era of changing weather patterns and having more frequent weather extremes with great 
impacts on communities and infrastructures, improving the knowledge about existing data and 
future uncertainty and quantifying the influence of climate variables and anthropogenic factors 
will enable us to better estimate the risk under various climate conditions and will help us to 
enhance adaptation capacity. In the first phase of study, the findings revealed that the existing 
records of tornado in the United States not only is impacted by climate, but also, in most of the 
regions, largely influenced by population density and detecting system. The results of the study 
quantified these impacts by presenting the amount of contribution of each parameter. Any risk 
analysis related to tornado can benefit from these findings, as the main source of any analysis is 
the existing dataset on tornadoes. The findings can be extended to the county scales and can be 
focused on the counties where tornado is the most common weather extreme.  
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The results of the second section of study can be used for the risk estimates of large tornado 
outbreak which can even cause tremendous damage in as much as 100 counties in a single day. 
Overall, this study will be of relevance to policy initiatives and different private or governmental 
sectors like insurance managers, emergency managers, land-use planner, engineers, National 
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